Digital repositories bring direct impact and influence on the research community and society but 18 measuring their value using formal metrics remains challenging. their value. It is challenging to 19 define a single perfect metric that covers all quality aspects. Here, we distinguish here between 20 impact and influence and discuss measures and mentions as the basis of quality metrics of a 21 digital repository. We argue that these challenges may potentially be overcome through the 22 introduction of standard resource identification and data citation practices. We briefly summarize 23
introduction of standard resource identification and data citation practices. We briefly summarize 23 our research and experience in the Neuroscience Information Framework, the BD2K BioCaddie 24 project on data citation, and the Resource Identification Initiative. Full implementation of these 25 standards will depend on cooperation from all stakeholders ---digital repositories, authors, 26 publishers, and funding agencies, but both resource and data citation have been gaining support 27 with researchers and publishers. 28 
Impact vs. Influence 29
Assessing the value of digital repositories shares many similar challenges to assessing the value 30 of any scholarly work. One challenge is whether to distinguish between direct impact and broad 31 influence. By direct impact we refer to actual changes that the work brings to the field in terms 32 of outcomes, practices, and methodologies. In biomedical sciences, these include, for example, 33 new drugs or treatments for disease, new models of molecular interactive pathways, new 34 experimental methods, etc. By influence, we refer to how widely the work has been 35 disseminated and viewed across a broad community so that a work can influence other work, 36
either by inspiring new research ideas or preliminary testing of hypotheses. Impact and 37 influence may be correlated but that is not always the case. A highly influential work may have a 38 low direct impact and vice versa. A digital repository may have a high influence in that it is 39 viewed many times, but low impact in that there is no evidence that the actual products are used 40 to advance science. However, the products may be very useful for educational purposes or in 41 planning research. The converse is also true; a digital repository may not be well known across a 42 wide swath of the community, but its products may be highly impactful in a smaller community. 43
Understanding where each resource fits and therefore how to evaluate their success and perhaps 44 improve both dimensions requires that it be possible to measure these in some objective and 45 preferably automated or semi-automated way. 46 Measure vs. Mention 47 While traditional metrics of a scientific work are based on citations --whether the work is 48 mentioned in scientific publications, digital repositories allow measures through the count of 49 access in different ways, URL connections, data transferring, etc. One may argue that measures 50 of access more accurately reflect the value of a digital repository for without access, a digital 51 repository is not used and cannot create value. However, as discussed above, the value of a work 52 may present as impact or influence. Usually, mention-based metrics, such as citations, reflect 53 influence better, for a work can be mentioned only after it is known. However, citations can also 54 reflect actual use of the resource within a published study. Currently, both are hard to track; this 55 makes proper citation of resources and their data products in the literature extremely important. show that ranking protein structures in RCSB PDB (Protein Data Bank), a data repository of 62 protein structure data, by different measures of access give uncorrelated results. In the study, we 63 ranked protein structures according to their frequencies of Web access (http views) and FTP 64 access (file downloads). We found that no protein structures were shared in the top 20 of the two 65 resulting ranked lists. Moreover, the two frequencies are not correlated, in the sense that a 66 protein structure that is highly accessed by Web browsers is not necessarily highly accessed by 67 FTP, and vice versa. 68
Meanwhile, in addition to citations in publications, mention-based metrics may include citations 69 in press reports, blogs, social media, and other forms of publications, currently measured by 70 services such as Altmetrics (2016). These may not be correlated either, and may better reflect 71 the influence of a work than its impact. Citation analysis is currently hampered by a lack of 72 standard format for such references. determining whether a resource is vibrant and growing or moribund: 1) when was the last time a 126 web page was updated on the site; 2) when was the last time data were added; 3) do the data 127 represent a significant fraction of data available in a community or a very limited amount? 4) 128 When a resource is down, does anyone complain? We call the latter the "squawk factor". 129
As the charge for NIF, established by the NIH Blueprint Consortium, was to determine what 130 resources had been created through NIH-funding and to make them available to the research 131 community, NIF early on worked to develop NLP pipelines to identify resources within the 132 biomedical literature, as most researchers creating resources will publish a paper about a 133 resource like a database or genetically modified organism, or will mention use of specific 134 resources within the materials and methods section of the paper. 135
The lack of formal or machine-readable standards for referencing these resources within the 136 literature uncovered significant problems in the way that researchers were recording resource 137 usage. These poor reporting standards directly led to the inability of funders or resource 138 providers to track usage or for researchers to identify research resources or find other papers that 139 repositories and associated tools at a high level; however, we also need a system to cite 218 individual data sets that may include only a subset of data in a repository or be assembled from 219 multiple data sources. Precisely referring to which subset of data is retrieved and used can be a 220 computationally intractable problem, which leads to some pessimistic views regarding data 221
citation (Buneman et al. 2016). 222
We argue that the ultimate purpose of data citation is not only to identify precisely a data subset 223 for facilitating reproducibility, but also to ensure that both the individuals contributing data and 224 the repositories housing them receive proper credit and attribution, as specified in the Joint 225 The key ideas here include working with data repositories on best practices that repositories can 239 follow to support data citation with the support of community metadata standards, the use of 240 persistent identifiers (e.g., DOI's), and machine-readable landing pages, which provide essential 241 information on the content and accessibility of data within the data repository (Cousijn et al. 242
2017; Fenner et al. 2016). A landing page allows for an access point that is independent from any 243 multiple encodings of the data that may be available (Starr et al. 2015) , and thus avoids the 244 complicated computational problem of citing arbitrary subsets of data precisely, as described in 245 (Buneman 2016). A landing page can also provide information on access controls required by 246 licensing or privacy considerations. In addition, user requested landing pages can be minted for 247 custom data aggregations as well. 248
We are often asked how RRID's differ from the referencing of a specific data sets as proposed 249 by the JDDCP. The issue is one of granularity. RRID's are meant to identify the parent entity 250 like the PDB, while additional identifiers may be used to identify the specific data set used. This 251 more granular data citation may comprise a subset of a data repository or a supra-set across 252
repositories. The RRID essentially functions as an ORCID to identify the organizational entities 253 involved, e.g., the data repository, while the DOI points to a specific and unique data set. 254
DataCite (2017) and Dryad (2017) are closely related to RRID. They assign persistent identifiers 255 (e.g., DOIs) for research data, especially data sets that do not fit well into thematic data 256 repositories that contain data sets organized to serve the research needs on common topics such 257 as PDB. They also provide permanent storage space for these data sets. credit and mention highly used resources that become routine, such as PubMed. This is when 271 access statistics may provide a better metric to assess their value. Also, accurate mention 272 identification measures influence at best. Assessing impact will requires not only provenance of 273 research outcomes to their various digital and data repositories contributing to their development 274 but also the impact of the research outcome in question, for which a general acceptable metric is 275 not currently available, and usually the impact may take years or decades to reveal. 276 A potential remedy for these issues is to request authors to explicitly distinguish why they chose 277 to mention a digital repository --whether they used the data or service to obtain their results, or 278 they are merely related. Even without explicit citation mechanisms, it may be possible to make 279 the distinction to some extent from the context where the mentions appear (e.g. in the methods 280 section it may suggest that the data was used), and therefore distinguishing whether the data or 281 service lead to direct impact (a mention indicates influence of the resource in some way already 
